INTRODUCTION 2 7
Resolving the link between genotype and phenotype or the fitness landscape is a central 2 8 goal in molecular biology and evolution. Knowledge of the structure of the fitness landscape will 2 9 lead to a better understanding of the evolutionary origin of natural proteins and to solutions to 3 0 practical evolutionary problems, from rational design of enzymes to the development of new 3 1 antibiotics 1 . The fitness landscape is complex and a consequence of this complexity is epistasis 3 2 or the dependence of mutational effects on genetic background 2 . The presence of epistasis 3 3 implies that the effects of multiple mutations are non-additive and that their order of fixation 3 4 matters. Indeed, epistasis directly affects the potential pathways to explore the fitness landscape 2 . 3 5
Despite the many experimental and theoretical studies on detecting and elucidating its role in 3 6 molecular evolution 3, 4 , none has investigated the strength of epistasis at a proteome-wide level. 3 7
Such an analysis can determine correlations between epistasis and genomics properties that could 3 8 hint of a universal mechanism, if any, for epistasis in proteome evolution. Additionally, a 3 9 mechanistic understanding of epistasis has practical applications; as yet, it is rarely accounted for 4 0 in the molecular evolution toolboxes for quantifying from genomic sequences the strength of 4 1 multiple evolutionary forces-mutation, drift and selection 4,5 . 4 2
To estimate the epistasis experienced by genes in long-term evolution, one approach is to 4 3 compare two rates of amino acid substitutions 6 . These two rates are the average pairwise 4 4 substitution rate R dN/dS , which is background-dependent, and the rate of mutational usage R u , 4 5 which is background independent. Both rates are calculated from a multiple sequence alignment 4 6 (MSA) of a gene's orthologs. Specifically, the extent of epistasis is quantified as 4 7
Eq. 2 expresses the probability that the protein product of gene k is unfolded as a function of its 1 3 3 stability ΔG k . The energy factor β =1 k b T where k b T ~ 0.59 kcal/mol at room temperature. This 1 3 4 probability multiplied by the cellular abundance of the gene A k gives the number of misfolded 1 3 5 copies (Fig. S10) . The summation extends over all genes Γ in the proteome. The parameter c is 1 3 6 the fitness cost of each misfolded protein (~10 -7 ) (ref. 16 ). As shown previously 10,12 and in our 1 3 7 specific dataset (Figs. S3 and S4), this fitness function recapitulates the trend between dN/dS and 1 3 8 expression level. But to arrive at epistasis, we also need a theoretical estimate for the mutational 1 3 9 usage R u . In a recent work 17 , we showed that R u is the rate of evolution of the most stable 1 4 0 sequence in an MSA. By simulating sequence evolution (Supporting Information), we can arrive 1 4 1 at a theoretical MSA evolved under the fitness function (Eq. 2) and then calculate R u (Fig. S4) . 1 4 2
Highly expressed (and more abundant) genes are under strong purifying selection; thus, 1 4 3 R u and R dN/dS negatively correlate with mRNA level, both in theory ( Fig. S4 ) and in 1 4 4 E. coli (Fig. S3 ). More interestingly, the theoretical dependence of R u vs. mRNA is weaker than 1 4 5 R dN/dS vs. mRNA leading to stronger epistasis among highly expressed genes ( Fig. S4) . Thus, 1 4 6 selection against protein misfolding can explain the genomic observation that highly expressed 1 4 7 and more abundant genes experience stronger epistasis ( Fig. 1c,d) . A geometric interpretation of 1 4 8 epistasis is the curvature of the fitness landscape; indeed, for the genotype-phenotype 1 4 9 relationship based on folding stability (Eq. 2), the landscape exhibits greater curvature at higher 1 5 0 expression levels ( Fig. S10) .
Our study, for the first time, provides proteome-wide estimate of epistasis in E. coli. On 1 5 4 average protein in E. coli evolves with ~41% epistasis. One interpretation of this result is that the 1 5 5 rate of protein evolution is reduced by 41% due to background dependence of mutational effects. 1 5 6
Moreover, we found that highly expressed proteins evolve with stronger epistasis, which can be 1 5 7 explained by selection against protein misfolding. Our results highlight the coupling between 1 5 8 selection and epistasis, which has been demonstrated in specific proteins 4,20 , but not in the long- interactions and codon adaptation index (CAI) (see Table S4 for the correlation coefficients and 1 7 7
p-values). Boxes labeled "ns" are not significant (p-value>0.05). (d) Highly expressed genes 1 7 8
experience strong epistasis (Spearman r = +0.17, p-value<10 -9 ), which can be explained by a 1 7 9
model of sequence evolution based on selection against protein misfolding and aggregation (blue 1 8 0 line; see also Figs. S3, S4 & S10). List of genes for Escherichia coli K-12 MG1655 was taken from NCBI. From this list (4140 1 8 5 genes), KEGG ids (total of 3059 ids) were used to retrieve functional orthologs within 1 8 6
Gammaproteobacteria class. Ortholog sequences were available for 2814 of the 3059 genes. To 1 8 7 optimize alignment, sequences 15% longer or shorter from the reference E. coli gene were 1 8 8 removed from the set. DNA sequences were converted to protein sequences prior to alignment 1 8 9 and calculation of amino-acid usage. For the protein alignments, we used default parameters 1 9 0 except for the allowed positions with gaps that were set to half, to allow gaps at positions where 1 9 1 less than 50% of sequences had gaps. 1 9 2 1 9 3 Evolutionary rate analysis 1 9 4
The amino-acid usage measure can be used to obtain an estimation of dN/dS ratio under the 1 9 5 assumption of non-epistatic evolution. The amino-acid usage <u> is defined as the number of 1 9 6 different amino-acids observed at one site, averaged over all sites in an alignment. We can then 1 9 7 estimate non-epistatic dN/dS from <u> using (u-1)/19 where (u-1) is the number of amino-acid 1 9 8
states into which the current amino acid can be substituted, divided by 19 amino-acid 1 9 9
possibilities. The choice of a proper and unbiased method to estimate dN/dS is crucial in the 2 0 0 current work. We thus systematically checked performance of five different heuristic counting 2 0 1 approaches and two maximum-likelihood (ML) codon models for 3124 genes in E.coli and 2 0 2 concluded that the simplest model of Nei and Gojobori gives the most unbiased dS and dN/dS 2 0 3 estimates which reasonably fit values from accurate yet computationally expensive ML methods. 2 0 4
For the complete analysis check Supplementary methods and Table S4 . To calculate the extent of epistasis, we used an expression for substitution rates that takes the 2 0 7 stability effects of mutations into account (Equation 1). Fitness is proportional to the number of 2 0 8 misfolded copies in the cell which in turn is a product of total abundance and the probability of 2 0 9 being in the folded state. This decomposition enables us to consider the known distribution of 2 1 0 mutational effects on protein stability as distribution of fitness effects and calculate evolutionary 2 1 1 rates accordingly (see Supplementary information for full analysis). We then took mRNA 2 1 2 abundance for each protein in this study, converted mRNA abundance to protein abundance and 2 1 3 evaluated the rate of mutational usage, R u and pairwise rate of evolution, R dN/dS as explained in 2 1 4
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